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Abstract. We review a success story regarding Bayesian inference in
fisheries management in the Baltic Sea. The management of salmon
fisheries is currently based on the results of a complex Bayesian pop-
ulation dynamic model, and managers and stakeholders use the prob-
abilities in their discussions. We also discuss the technical and human
challenges in using Bayesian modeling to give practical advice to the
public and to government officials and suggest future areas in which it
can be applied. In particular, large databases in fisheries science offer
flexible ways to use hierarchical models to learn the population dynam-
ics parameters for those by-catch species that do not have similar large
stock-specific data sets like those that exist for many target species.
This information is required if we are to understand the future ecosys-
tem risks of fisheries.
Key words and phrases: Bayesian inference, Baltic salmon, risk anal-
ysis, fishery management, decision analysis.
1. INTRODUCTION
We introduce a case of fisheries management
where Bayesian inference has been extensively used.
Fisheries management is a field of applied science,
and one could easily argue that fisheries science is
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as close to politics as science can be. Fisheries sci-
entists routinely advise managers and politicians
about possible catch allocations for the near fu-
ture. This advice has to be concentrated on as-
pects relevant to the objectives defined by legisla-
tion and international agreements [8]. Such advice
is a highly charged issue, since fishing is probably
the best known example of the tragedy of commons
(i.e., the depletion of a shared resource by individu-
als contrary to the group’s long-term best interests
[6]) brought into public awareness by the collapse
of arctic cod stocks in 1992 which rapidly resulted
in the loss of over 40,000 jobs in Canada [9]. Even
though Bayesian models are becoming increasingly
common in fisheries management due to the adop-
tion of the precautionary approach, it remains a
challenge for a scientist to tell a fisherman, “You
need to cut down your income this year because I
am so uncertain about the consequences of your fish-
ing.”
Thus, fisheries management is an area of risk anal-
ysis where it is crucial for effective decision-making
to utilize all potential information sources and to
make scientifically sound estimates. Specifically, fish
management policymakers need to be given sound
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(a) The spawning rivers and assessment units (b) The life cycle of salmon
of Baltic salmon [11]
Fig. 1. The Baltic sea and the life cycle of salmon.
estimates of the uncertainties involved in predictions
about how stock will develop under each alternative
management action that can be made in the near
future.
This application requires Bayesian decision anal-
ysis [12], by which one can analyze the role of alter-
native information sources in support of decision-
making and the effects of alternative decisions on
various aims of stakeholders and society. Moreover,
the possibility of using expert knowledge in addition
to data [14] is useful when creating complex models
for risks which have not yet occurred.
In addition to the obvious scientific reasons for
applying Bayesian inference in fish stock assess-
ment [24], there is also a legislative reason for
methodology. Because all fisheries legislation has in-
corporated a precautionary approach [2], policies
should be risk averse and account for uncertainty
estimates. By providing scientifically justified state-
ments of uncertainty, Bayesian stock assessment
models can help in such a process. In particular,
assembling prior probabilities from existing litera-
ture, still an underutilized approach, can be use-
ful.
2. BALTIC SALMON FISHERIES
MANAGEMENT
2.1 The Baltic Sea
The Baltic Sea is a brackish water ecosystem with
several unique features. The salinity varies from
around 20 per mille in the south to close to freshwa-
ter at the end of the Bothnian Bay and the Gulf
of Finland [Figure 1(a)]; as a result, most Baltic
sea species are genetically unique. Predicting future
changes in the Baltic sea ecosystem is challenging
owing to, for example, the unpredictable periods of
low oxygen levels. Future salinity and nutrient levels
may also be different than those observed in histor-
ical data [3]. It is also expected that climate change
will further impact both the salinity and the tem-
perature of the sea [7]. For these reasons, historical
data alone is not sufficient for predicting the future.
2.2 Baltic Salmon
Baltic salmon are a geographically isolated pop-
ulation of Atlantic salmon (Salmo salar L.), which
can be further divided into subpopulations, called
stocks, corresponding to their spawning rivers. The
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salmon is a migratory species that spends its first
years in a river, travels to the open sea for its feed-
ing migration and returns to the river to spawn [see
Figure 1(b)]. Since each salmon subpopulation re-
turns only to its native river to spawn, maintain-
ing all stocks in a healthy condition is an impor-
tant task for fisheries management. Owing to the
high level of exploitation in the early 20th century,
the abundance of wild Baltic salmon dropped signif-
icantly until the 1980s. In addition, the damming of
rivers has reduced or even eliminated the possibility
for successful natural reproduction in many Baltic
rivers [10, 11, 25]. In order to compensate for the
losses of natural reproduction, hydropower compa-
nies are obliged to release reared salmon annually
into the mouths of dammed rivers. This activity in-
creases the fishing potential but provides yet an-
other challenge for wild salmon management, since
the fisheries cannot distinguish between reared and
wild salmon. Recruitment of reared stocks cannot
collapse due to overfishing, while many wild stocks
have collapsed.
The migration routes of salmon are long, ex-
tending from the northernmost spawning river, the
Tornionjoki River, to the feeding areas in the south-
ern Baltic Sea. These long migration routes expose
the salmon to high pressure from fishing and lead to
political debates about “who is taking our salmon”
between the coastal countries of the Baltic Sea. On
the other hand, spatial migration offers a lot of data
from various parts of the life cycle of salmon that
can be utilized in population dynamics models ap-
plied to the Baltic Sea salmon assessments.
2.3 Baltic Salmon Fisheries Management
The Baltic fisheries are controlled by the EU’s
Common Fisheries Policy [2] and by bilateral agree-
ments between the EU and Russia that aim at ensur-
ing economically, environmentally and socially sus-
tainable fisheries. The management decisions con-
cerning the EU fisheries are made annually. Based
on scientific advisories, the European Commission
prepares proposals for management measures and
the actual regulations are adopted by the Council
of Fisheries Ministers. In 1997, new international
long-term management goals were agreed upon and
incorporated into the Salmon Action Plan [10]. One
of the most important goals was to safeguard the
wild salmon populations by attaining at least 50%
of the potential smolt production capacity (PSPC)
in each wild salmon river by 2010. Smolts are juve-
nile salmon that leave their native river for the feed-
ing migration at the sea. The aim was not easy to
implement in practice, as the stock specific PSPCs
were poorly known [26].
Thus, the Salmon Action Plan created a need to
enhance scientific knowledge about different stages
of the salmon life cycle. Because salmon popula-
tion dynamics are complex and data about most of
the stocks are sparse, the only realistic approach for
developing the necessary decision tools is Bayesian
modeling. Compared to more traditional statistical
methods, Bayesian models make it possible to com-
bine relevant data from many sources and integrate
their information content with a vast amount of ex-
pert knowledge in a probabilistic manner. Such a
framework provides both estimates for the historical
status of the stock and predictions for future stock
development under diverse possible management ac-
tions. Thanks to the Bayesian interpretation of their
probabilities, one can also answer the essential ques-
tions of interest, such as, “What are the probabilities
for each stock reaching 50% or 75% of the PSPC in
the next four to six years?” Fisheries management
decisions must have their desired effect within this
time period because salmon stocks have short life
cycles.
2.4 Assessment of Baltic Salmon Stocks
In the beginning of the 1990s, Baltic salmon stock
assessment was performed using simple spreadsheet
calculus without any Bayesian features. One of the
problems with such deterministic models is that
natural and fishing mortalities are assumed to be
known without uncertainty, and that the values cho-
sen have a huge impact on the abundance estimates
of the stocks. After Varis and Kuikka [27] first ap-
plied Bayesian inference to salmon assessment in
the Baltic Sea, the need to distinguish effectively
between well-known and poorly-known populations
led to the wide application of hierarchical models.
Today the scientific advisory on Baltic salmon is en-
tirely based on Bayesian methods. The greatest ad-
vantage of Bayesian models compared to the tradi-
tional statistical models is that uncertainties in large
data sets with lots of variation will be taken into
account and be visible in the posterior estimates.
Thus, traditional methods that are based on point
estimates are considered misleading and dangerous
by fisheries scientists familiar with the current meth-
ods. When scientific advice is given for the manage-
ment of the stocks, it is highly important to take into
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Fig. 2. The structure of the Baltic salmon assessment model. The most essential blocks of the model are shown in the
boxes enclosed by solid lines. The data are illustrated with thin dashed-line boxes on the left and the model outputs with thick
dashed-line boxes on the right [11].
consideration the probability of not reaching man-
agement objectives because of certain fishing pres-
sure. This is possible only within Bayesian models.
The objectives of wild salmon fisheries manage-
ment include ensuring a level of smolt production
in rivers that will keep the stocks alive and healthy
and, at the same time, enable salmon fisheries. Thus,
the main focus of the stock assessment is to predict
the near-future development of stocks under alter-
native management plans. However, in order to un-
dertake this, it is important to acknowledge the high
complexity of the salmon life cycle and to model all
of the factors that influence salmon survival at dif-
ferent life stages in a biologically justifiable manner.
Only by understanding the reasons behind the his-
toric changes in levels of abundance and the uncer-
tainties in the biological processes is it possible to
advocate management actions that will both prevent
the stocks from collapsing and enable their sensible
economic exploitation.
Current salmon stock-assessments are based on
describing the population life history using an
age-structured state–space model (see life-history
model, Figure 2) [20]. The state variables describe
the temporal and spatial changes in the demogra-
phy of the salmon population. These include the
abundance of wild smolts, Ri,t, the abundance of
salmon in the sea, Ni,t,a, the spawning population,
Si,t,a, and the number of eggs, Oi,t, for each stock
i and year t. The subscript a denotes the num-
ber of years the salmon have spent in the sea af-
ter leaving the river. The model structure and state
transitions are described according to existing bi-
ological knowledge about the life cycle of salmon,
which is illustrated in Figure 1(b). For example, the
transition from smolts to the one-sea-year salmon
population is controlled by the general relation,
Ni,t+1,1 = Ri,t exp(−Ft,0 −Mt,0)ε, where F and M
are the instantaneous fishing and natural mortality
rates and ε is the process error [21].
The number of eggs produced by stock i is lin-
early dependent on the stock’s spawning population,
Si,t,a = LaNi,t,a exp(−Ft,a −Mt,a)ε, where La is the
fraction of the salmon population maturing at sea
year age a. The recruitment of new smolts is de-
scribed by the Beverton–Holt [1] stock-recruit (SR)
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function Ri,t+T =Oi,t/(αi+βiOi,t), which describes
the relationship between the number of eggs and
the abundance of new recruits T time steps later.
This function and its parameter values are some of
the most important model specifications in fisheries
stock assessment, since they determine the predicted
impacts of management actions on stock develop-
ment in the future [18]. Another important factor
in Baltic salmon recruitment is early mortality syn-
drome, M74 syndrome, outbursts of which can kill
the majority of juveniles during their first year of
life [19].
The inference for the life-history model is per-
formed sequentially, as illustrated in Figure 2 and
described by Michielsens et al. [20]. The Bayesian
models A, D, E provide prior distributions for
the parameters of the life-history model. These
prior distributions are based on expert knowledge
(e.g., PSPC, A), data from other Atlantic salmon
stocks (e.g., parameters of the stock-recruit func-
tion, D [18]) or data sets of Baltic salmon that are
computationally too heavy to analyze within the full
life-history model but can be analyzed separately
(e.g., the early mortality syndrome M74 model, E).
The posterior distributions of parameters from these
models are used as informative prior distributions
in the life-history model. The (final) posterior dis-
tributions of parameters and state variables are cal-
culated by conditioning on (indirect) observations
of the state variables. These data include the time
series of catch and effort from different fisheries,
spawner count data sets for some rivers, Carlin-tag
mark recapture data and data about smolt abun-
dances for a number of rivers. All of the data sets
except the last one directly provide likelihood func-
tions for the state variables. Since the observation
model for the annual smolt abundances is compu-
tationally too demanding, it is approximated as de-
scribed below.
The data for smolt abundances consist of river-
specific smolt mark-recapture data and electrofish-
ing data that contain information about parr (juve-
nile, 1–4 year-old salmon) densities. The electrofish-
ing data are more often available than the smolt
mark-recapture data. First a mark-recapture anal-
ysis (model B, [16]) is conducted for rivers with
mark-recapture data. These results are then used
in a river model (model C, [17]) which describes
the relationship between the smolt and parr abun-
dances. The river model is hierarchical over all rivers
and, thus, provides smolt abundance estimates for
Fig. 3. The estimate of smolt abundance in the Tornionjoki
River after sequential modeling steps B, C and the life-history
model shown in Figure 2.
all wild salmon stocks. The posterior distributions
of yearly smolt abundances provided by model C
are used to construct an approximation for the like-
lihood function with respect to R in the life-history
model [20].
As an example of updating the parameter esti-
mates in the sequential model framework, we illus-
trate the case of the annual smolt abundance esti-
mates for Tornionjoki River salmon, which is one of
the few rivers for which smolt mark-recapture data
exist [16]. Figure 3 shows how the estimate of smolt
abundance changes in each successive modeling step.
The posterior uncertainty is highest after modeling
step B, but as data accumulates the posterior dis-
tribution becomes tighter. Ideally, we could infer all
the models in Figure 2 jointly, but this is not pos-
sible with the current computational tools within a
reasonable time frame.
3. DISCUSSION
3.1 Why Bayes?
The management problem highlighted above is an
example of a problem which could not have been
solved efficiently without Bayesian methods. Here
we summarize the most important reasons for using
Bayes:
• The decision problem is multidimensional. There
are several stakeholders with different aims and,
thus, the statistical methods used have to allow a
detailed decision analysis.
• The life-cycle of Baltic salmon and its response
to natural and human induced pressures are com-
plex. Thus, in order to take all the plausible un-
certainties into account in decision-making, the
stock assessment model needs to reflect the bi-
ological realism. This leads to a model with so
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many parameters that they cannot be estimated
without the use of informative priors.
• The available data are multifaceted and there is
available essential prior knowledge complemen-
tary to data. Thus, the statistical methods must
allow hierarchical model structures and the ex-
plicit use of priors.
• The precautionary approach incorporated in EU
fisheries legislative demands for methods that
take explicitly into account all sources of uncer-
tainty.
3.2 Future Scientific Challenges
The greatest current challenges involved in the
above example are twofold. First, the computa-
tional and technical tasks related to Bayesian in-
ference are complex and time-consuming. Second, it
is necessary that the people involved in modeling
have a sufficient subject understanding. The selec-
tion of model structures, prior probabilities and the
likelihood function(s) all depend on subject matter
knowledge, in this case biological knowledge. How-
ever, researcher’s subject matter background easily
means that computational problems become over-
whelming. It seems that educating methodologically
orientated scientists in biology is relatively an eas-
ier task than educating, for example, biologists in
Bayesian inference.
Although fairly easy-to-use software is available
(e.g., OpenBugs or JAGS), much of the time spent
by biologically trained scientists is allotted to tech-
nical problems related to MCMC algorithms and in
waiting for the convergence of runs. This does not
represent optimal use of scientific resources. More-
over, because the final modeling is usually based on
the outcomes of earlier analysis, and is the last step
of a big project, computational problems easily lead
to failure in timing.
The Bayesian approach offers a way to formalize
scientific learning. The posterior distributions of one
study can be used as priors in following studies, if
the results are published in a transparent and suffi-
cient way. In fisheries, the risk analyses needed for
by-catch species in particular are more or less im-
possible without meta-analysis [22]. It is necessary
to learn more effectively from existing databases and
publications and to apply, for example, hierarchical
Bayesian models to provide informative priors for
case-specific risk analyses and to utilize the corre-
lations of biological features of species in order to
make better predictions [13, 23].
The scientific tradition of publishing only “sta-
tistically significant” results is a major problem for
meta-analysis and systematic learning processes. If
only extreme data sets (say, with p < 0.05) are pub-
lished and used in meta-analyses or in scientific dis-
cussions, a biased view of the system can be easily
obtained. On the other hand, using published papers
as a source of prior information in Bayesian models
can also create problems when, for example, it is un-
certain whether published values are representative
samples of the system studied.
The allocation of resources used for data analy-
sis or, alternatively, for the analysis of priors should
be an interactive process during scientific projects.
If the available data will not be informative enough
to make justified scientific and management conclu-
sions, major effort should be directed toward effec-
tive and justified derivation of priors. In some cases,
this may even be a longer process than a “tradi-
tional” data analysis. The collection of new data can
be very costly compared to the use of published pa-
pers or existing databases [23].
Sometimes it may either be very expensive or dif-
ficult to collect data about variables of interest. In
such cases knowledge must be elicited from experts.
While frequentist methods could be used to (point)
estimate some of the model parameters, large parts
of the system would be entirely left out from the
quantitative analysis owing to complete lack of data.
Moreover, Uusitalo et al. have demonstrated [26]
that the highest uncertainty in expert knowledge
related to salmon assessment comes from the fact
that expert opinions differ, and Bayesian inference
is needed to integrate those sources of uncertainty.
Thus, the classical approach could not provide ap-
propriate answers to the problem of management
under uncertainty.
The multifaceted nature of the salmon assessment
problem requires use of a complex model, easily
leading to thousands of unknown parameters. A vast
amount of data with high spatio-temporal resolution
would be required to sufficiently identify all of these
parameters, if point estimation without prior knowl-
edge was desired. A reasonable maximum likelihood
estimation of the main target parameters would re-
quire reduction of the model dimensions by effec-
tively assuming that many of the uncertain nui-
sance parameters were actually known [13]. From
the decision-making point of view, this implies that
management would then be based on overconfident
estimates. While not easy to conduct, the Bayesian
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approach has made it technically possible to attempt
realistic stock assessment, which would currently
not be feasible with any other methods.
3.3 Challenges in Applying Bayesian Inference to
Practical Scientific Advice
As mentioned earlier, fisheries science is very close
to political decision-making and, as in any attempts
to model complex systems, there are many subjec-
tive choices involved before model-based advice can
be given. However, it is far easier for a scientist to
defend an analysis when as much data and as few ob-
viously subjective choices as possible have been in-
cluded. The time available during meetings of stock
assessment working groups is often too limited for
complex Bayesian models to be applied during the
meeting, as the computational inference may easily
require a week or more to converge. Thus, transition
to Bayesian methods would also demand changes in
the practices of the working group in a way that
part of the work would need to be done beforehand
instead of at the last minute of the meeting.
The need for faster algorithms is obvious, since
understanding of the model dynamics and of the
logic by which the model operates require practi-
cally short calculation time to allow for “what if”
type of questions. It is common that in the work-
ing groups of fisheries stock assessment the latest
data (most recent year on which the predictions are
based) can give rise to surprising results. These need
then to be discussed and the models adapted ac-
cordingly during a very short period of time if the
results are to be explained to representatives of the
industry and other stakeholders. In some cases this
implies that the sensitivity of modeling outputs has
to be tested against alternative informative priors.
Such sensitivity analyses are critically needed to ex-
plain the behavior of complex models to the end
users of the information in order to improve their
commitment to modeling results [5]. Unfortunately,
fisheries scientists are not optimally trusted [4] by
industry and improvements in this regard require
fully open approaches and learning improved ways
to communicate risks. Salmon assessment models
are by necessity complex given the characteristics
of the life cycle of fishes, but a central goal is never-
theless to make the results more easily understood.
When inference algorithms are so slow that only a
single run is possible during a week-long working
group meeting, the model behavior may not be un-
derstood well enough. One approximate solution to
this, as is done, for example, in oil spill risk analysis,
is to use estimation models and feed the posterior
information to a Bayesian network inference engine,
which allows an interactive use of the probabilistic
results, albeit only approximately [12, 15].
To facilitate general adoption of Bayesian reason-
ing in risk-averse decision-making, scientists must
try to broaden public understanding about risks and
the projected consequences of different policies, in a
way that is similar to the ongoing debate around
climate change. We call for experts in the cogni-
tive sciences to test systematically how uncertain-
ties should be communicated. Such developments
will help prevent more manmade fisheries catastro-
phes such as the arctic cod stock collapse of 1992.
Since aquatic resources are in global decline and the
situation is already alarming for many ecologically
and economically important species, there is more
need now than ever for careful Bayesian reasoning
to help improve the public’s understanding of the
risks facing these resources.
ACKNOWLEDGMENTS
This work is partly supported by the Academy
of Finland (Finnish Centre of Excellence in Com-
putational Inference Research COIN, 251170), the
Natural Sciences and Engineering Research Coun-
cil of Canada (JH) and from the European Union’s
Seventh Framework Programme (FP7/ 2007-2013)
under Grant agreement No. 244706/ECOKNOWS
project (SK, SM, JV). However, this paper does not
necessarily reflect the European Commission’s views
and in no way anticipates the Commission’s future
policy in the area.
REFERENCES
[1] Beverton, R. J. H. and Holt, S. J. (1957). On the
Dynamics of Exploited Fish Populations. Chapman
& Hall, London.
[2] CEC (2009). Commission of the European Communities.
Green Paper. Reform of the Common Fisheries Pol-
icy. COM (2009) 163 final. Brussels, 22.4.2009.
[3] Fonselius, S. and Valderrama, J. (2003). One hun-
dred years of hydrographic measurements in the
Baltic Sea. Journal of Sea Research 49 229–241.
[4] Glenn, H., Tingley, D., Maron˜o, S., Holm, D.,
Kell, L., Padda, G., Edvardsson, I., Asmunds-
son, J., Conides, A., Kapiris, K., Bezabih, M.,
Wattage, P. and Kuikka, S. (2011). Trust in
the fisheries scientific community. Marine Policy 36
825–833.
8 S. KUIKKA ET AL.
[5] Haapasaari, P., Michielsens, C., Karjalainen, T.,
Reinikainen, K. and Kuikka, S. (2007). Impact of
management measures on fishers’ commitment to-
wards fisheries exploitation. ICES Journal of Ma-
rine Science 64 825–833.
[6] Hardin, G. (1968). The tragedy of the commons. Sci-
ence 162 1243–1248.
[7] Heino, R. et al. (2008). Past and current climate change.
In Assessment of Climate Change for the Baltic Sea
Basin (H. J. Bolle, M. Menenti and I. Rasool,
eds.) 35–131. Springer, Berlin.
[8] Hilborn, R. (2012). The evolution of quantitative ma-
rine fisheries management 1985–2010. Nat. Resour.
Model. 25 122–144. MR2875728
[9] Hutchings, J. A. and Myers, R. A. (1994). What
can be learned from the collapse of a renewable re-
source? Atlantic cod, Gadus morhua, of Newfound-
land and Labrador. Canadian Journal of Fisheries
and Aquatic Sciences 51 2126–2146.
[10] IBSFC and HELCOM (1999). Baltic salmon rivers—
status in the late 1990s as reported by the countries
in the Baltic region. Technical report, The Swedish
Environmental Protection Agency, the Swedish Na-
tional Board of Fisheries.
[11] ICES (2011). Report of the Baltic Salmon and Trout
Assessment Working Group (WGBAST), 22–30
March 2011, Riga, Latvia. Technical Report ICES
2011/ACOM:08, International Commission for the
Exploration of the Seas.
[12] Kuikka, S., Hilden, M., Gislason, H., Hansson, S.,
Sparholt, H. and Varis, O. (1999). Modelling en-
vironmentally driven uncertainties in Baltic Cod
management by Bayesian influence diagrams. Cana-
dian Journal of Fisheries and Aquatic Sciences 56
629–641.
[13] Kuparinen, A., Ma¨ntyniemi, S., Hutchings, J. A.
and Kuikka, S. (2012). Increasing biological real-
ism of fisheries stock assessment: Towards hierar-
chical Bayesian methods. Environmental Reviews 20
135–151.
[14] Lecklin, T., Ryo¨ma¨, R. and Kuikka, S. (2011).
A Bayesian network for analyzing biological acute
and long-term impacts of an oil spill in the Gulf of
Finland. Marine Pollution Bulletin 62 2822–2835.
[15] Levontin, P., Kulmala, S., Haapasaari, P. and
Kuikka, S. (2011). Integration of biological, eco-
nomic and sociological knowledge by Bayesian belief
networks: The interdisciplinary evaluation of poten-
tial Baltic salmon management plan. ICES Journal
of Marine Science 68 632–638.
[16] Ma¨ntyniemi, S. and Romakkaniemi, A. (2002).
Bayesian mark-recapture estimation with an ap-
plication to a salmonid smolt population. Cana-
dian Journal of Fisheries and Aquatic Sciences 59
17481758.
[17] Ma¨ntyniemi, S., Romakkaniemi, A., Uusitalo, L.
and Arjas, E. (2004). Predicting salmon smolt
abundance using a simple hierarchical Bayesian
model. In ICES WGBAST-report 2004, Annex 2.
International Commission for the Exploration of the
Seas.
[18] Michielsens, C. G. and McAllister, M. K. (2004).
A Bayesian hierarchical analysis of stock-recruit
data: Quantifying structural and parameter uncer-
tainties. Canadian Journal of Fisheries and Aquatic
Sciences 61 1032–1047.
[19] Michielsens, C. G. J., Ma¨ntyniemi, S. and Vuori-
nen, P. J. (2006). Estimation of annual mortality
rates caused by early mortality syndromes (EMS)
and their impact on salmonid stock?recruit relation-
ships. Canadian Journal of Fisheries and Aquatic
Sciences 63 1968–1981.
[20] Michielsens, C. G. J., McAllister, M. K.,
Kuikka, S.,Ma¨ntyniemi, S.,Romakkaniemi, A.,
Pakarinen, T., Karlsson, L. and Uusitalo, L.
(2008). Combining multiple Bayesian data analy-
ses in a sequential framework for quantitative fish-
eries stock assessment. Canadian Journal of Fish-
eries and Aquatic Sciences 65 962–974.
[21] Michielsens, C. G. J., McAllister, M. K.,
Kuikka, S., Pakarinen, T., Karlsson, L., Ro-
makkaniemi, A., Pera¨, I. and Ma¨ntyniemi, S.
(2006). A Bayesian state–space mark-recapture
model to estimate exploitation rates in mixed
stock fisheries. Canadian Journal of Fisheries and
Aquatic Sciences 63 321–334.
[22] Myers, A. R. and Mertz, G. (1998). Reducing uncer-
tainty in the biological basis of fisheries manage-
ment by meta-analysis of data from many popula-
tions: A synthesis. Fisheries Research 37 51–60.
[23] Pulkkinen, H.,Ma¨ntyniemi, S.,Kuikka, S. and Lev-
ontin, P. (2012). More knowledge with the same
amount of data: Advantage of accounting for pa-
rameter correlations in hierarchical meta-analyses.
Marine Ecology Progress Series 443 29–37.
[24] Punt, A. E. and Hilborn, R. (1997). Fisheries stock
assessment and decision analysis: The Bayesian ap-
proach. Reviews in Fish Biology and Fisheries 7 35–
63.
[25] Romakkaniemi, A., Pera¨, I., Karlsson, L., Ju-
tila, E., Carlsson, U. and Pakarinen, T.
(2003). Development of wild Atlantic salmon stocks
in the rivers of the northern Baltic Sea in response
to management measures. ICES Journal of Marine
Science 60 329–342.
[26] Uusitalo, L., Kuikka, S. and Romakkaniemi, A.
(2005). Estimation of Atlantic salmon smolt carry-
ing capacity of rivers using expert knowledge. ICES
Journal of Marine Science: Journal du Conseil 62
708–722.
[27] Varis, O. and Kuikka, S. (1997). Joint use of multi-
ple environmental assessment models by a Bayesian
meta-model: The Baltic Salmon case. Ecological
Modelling 102 341–351.
